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1. Introduction 
Query suggestion is one of the most fundamental and common features of 
commercial Web search engines and provides users with several reformulated queries so 
that users can enter new queries with a single click. Query suggestions given by search 
engines deviate from the original query, but are still somehow related to the original 
query. The appearance of query suggestion features greatly enrich the web search 
experience of users and help them avoid the potentially frustrating process of having to 
create their own queries. That is to say, search engines can help users generate new ideas 
for query reformulation by providing query suggestions.  
Most of the mainstream commercial Web search engines such as Google, Bing, 
and Yahoo! provide users with query suggestion features. Unfortunately, the algorithms 
or design methodologies of the query suggestion modules developed by these commercial 
Web search engines are not made publicly available (Qumsiyeh & Ng, 2014), which 
means it is difficult for the public to study how these search engines work and how the 
query suggestions are generated. Although many previous studies have investigated the 
query suggestion algorithms and presentation, they just presented possible techniques for 
generating query suggestions. Therefore, this study aims to investigate how the query 
suggestions of commercial Web search engines change over time and what the query 
reformulation patterns each suggested query belongs to by analyzing manually collected 
query suggestion data from Google and Bing.
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The investigator collected data during a two-week period in order to capture as 
many features as possible to explain how the query suggestions of commercial Web 
search engines change over time. The investigator chose two commercial Web search 
engines, Google and Bing, to investigate in this study and also chose 50 queries as seed 
queries to generate query suggestion lists. The results should be more comprehensive if 
the data collection period lasted longer. However, due to the limitation of time, the two-
week period is a reasonable time frame. 
The study is proposed to provide a better understanding about the way that query 
suggestions of commercial Web search engines change. Specifically, the change rate, 
change patterns, change frequency, the patterns of query reformulation, and the 
comparison of different search engines were examined.  
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2. Literature review 
This section lists prior art in query suggestions and reformulation. Much work has 
already been done in the area of using various methods and algorithms to generate query 
suggestions.  
2.1 Query suggestion algorithms 
Before early 2000, most studies of query suggestions focused on using user 
information such as user feedbacks. Fitzptrick & Dent (1997) compared user feedbacks 
with automatic feedbacks of documents identified from similar past queries to generate a 
new query similarity metric. Their method showed small improvements over previous 
methods. Magennis & Cornelis (1997) conducted an experiment to compare the retrieval 
effectiveness of automatic, experienced user interactive, and inexperienced user 
interactive query expansion. They detected that interactive query expansion which had 
automatically-derived terms offered as suggestions to the searcher, who decided which to 
add, was likely to be effective over others. These approaches have an obvious 
disadvantages that models were constructed from limited amount of user information.  
More recent work has used search engine log data for query suggestion. Compared 
to traditional methods, search engine log data mining approach enjoys big advantages in 
more raw data and richer user behaviors. Two kinds of information can be extracted from 
search engine log data which are click-through information and session data. Therefore, 
two types of algorithms were proposed based on those two information extracted from 
search engine log data.  
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The first one is to cluster queries based on the clicked URL: each record consists of 
a user’s query to a search engine along with the URL which the user selected from among 
the candidates offered by the search engine. This approach assumes two queries to be 
related if they share many clicked URLs. The related queries are grouped into clusters 
and used for recommendations for each other. Several studies applying different 
algorithms to the clicked URL data to obtain query cluster.  
Beeferman & Berger (2000) used clicked URL extracted from Lycos logs. They 
viewed clicked URL dataset as a bipartite graph, with the vertices on one side 
corresponding to queries and on the other side to URLs and applied an agglomerative 
clustering algorithm to the graph’s vertices to identify related queries and URLs. Then 
they used related queries as recommendations for each other. One obvious feature of this 
algorithm is that it is “content-ignorant” which means the algorithm makes no use of the 
actual content of the queries or URLs, but only how they co-occur within the 
clickthrough data. Later in this section, a content-aware method will be introduced.  
Baeza-Yates, Hurtado & Mendoza (2004) used queries extracted from a 15-day 
query-log of the Todocl search engine as raw data and applied k-means algorithm to 
obtain query cluster. Then given an input query, the cluster it belonged to would be found 
and a rank score of each query in the cluster would be computed. The related queries 
were returned ordered according to their rank score. 
Differentiated from Beeferman & Berger (2000), Wen, Nie & Zhang (2001) 
combined query content information and click-through data and applied a density-based 
method, DBSCAN (Ester, Kriegel, Sander & Xu, 1996), to cluster queries.  
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Some studies incorporated random walk or hitting time in a query with the clicked 
URL data.  
Ma et al. (2008) developed a two-level query suggestion model by mining 
clickthrough data, in the form of two bipartite graphs which were user-query and query-
URL bipartite graphs extracted from the clickthrough data. Based on this, they developed 
a joint matrix factorization method which fused user-query and query-URL bipartite 
graphs together to learn the low-dimensional query latent feature space. Then they built a 
query graph based on the representation of query space. After that, they developed a 
similarity propagation model which could suggest a list of queries relevant to the queries 
submitted by a user and also could rank the query list based on the similarity score.  
Mei, Zhou & Church (2008) proposed a query suggestion algorithm based on 
ranking queries with the hitting time on a large scale bipartite graph. This method 
captured the semantic consistency between the suggested query and the original query.  
Song & He (2010) believed that the clicked URLs and skipped URLs contained 
different levels of information and should be treated differently. Based on this, they 
developed an optimal rare query suggestion framework combined both the click and skip 
information from users and used a random walk model to optimize the query correlation.   
The second approach based on search engine log data utilized query session data. 
Query session data consists of queries, their timestamp, and session identifier. Existing 
approaches extract session information and use queries that are adjacent or co-occur in 
the same sessions as recommendations for each other.  
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Huang, Chien & Oyang (2003) proposed a method that used frequently co-
occurring query pairs in the same session from search engine logs, rather than in retrieved 
documents, to recommend the next query.  
Song, Zhou & He (2012) proposed two models which address topic-level and term-
level query suggestion. In order to build those models, they mined a user preference data 
from the search engine session logs and used these data to construct a term-transition 
graph model. They also utilized random walk as a guideline to find user preferences 
within each topic and choose the best suggestion method.  
Some studies combined clicked URL data and session data together to develop 
query suggestion algorithms. Cao et al. (2008) proposed a two-step approach which had 
an offline model-learning step and an online query suggestion step. The offline step 
summarized queries into concepts by clustering a click-through bipartite and constructed 
a concepts sequence suffix tree based on session data gather from query log. In the online 
step, a user’s search context was captured by mapping the query sequence submitted by 
the user to a sequence of concepts. This approach was also a context-aware approach 
which was mainly reflected by the online-step. Since this study demonstrated 
improvement in both coverage and quality of suggestions by combing both clicked URL 
data and session data, context-ignorant method and context-aware method, it was 
validated that the combination worked.  
Some other studies utilized query sequences to model the user behavior in order to 
predict queries that are likely to follow a given query. This approach basically uses 
query-flow graph to generate query recommendation. It was first proposed by Boldi et al. 
(2008). They introduced that in the query-flow graph, a directed edge from one query to 
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another means that the two queries are likely to be part of the same “search mission”. 
Any path over the query-flow graph may be seen as a searching behavior and its 
likelihood is given by the strength of the edges.  Based on this definition, 
Anagnostopoulos et al. (2010) proposed an optimized framework for query 
recommendation. They considered a sequence of queries submitted by a user as a path on 
the query-flow graph. Then they assigned score values to queries to define suitable utility 
functions and to consider the expected utility achieved by a reformulation path on the 
query-flow graph. Providing recommendations can be seen as adding shortcuts in the 
query-flow graph that pushed users to follow paths that had larger expected utility.  
2.2 Use of query suggestions 
Query suggestions can be beneficial for searchers because they provide users with 
new ways for approaching the topics and concepts they are exploring. Presenting users 
with query suggestions can assist the search process by offering different terms or 
providing connections to related concepts that they might not consider on their own. 
Query suggestions can help searchers develop better understanding of their topics (Kelly 
et al., 2010). Query suggestions can also improve the efficiency of the user’s search, as 
searchers may like the ease provided by query suggestions that clicking on a link requires 
less time and effort than entering search terms into a query field (Kelly, Gyllstrom, & 
Bailey, 2009). 
Query suggestions also allow searchers to continue their searches when they 
encounter difficult search tasks by offering their related terms. Niu & Kelly (2014) 
analyzed the research data collected for a study investigating query suggestions to 
demonstrate this point. The original study was conducted by Kelly et al. (2010). Their 
9 
experiments used four topics, each with eight query suggestions. Each query suggestion 
was accompanied by information as to how many other people used that suggestion. Four 
of the query suggestions were frequently-used suggestion, and the remaining four were 
infrequently-used ones. In this study, they asked participants to rate the difficulty of each 
search topic on a 5-point scale after they completed each task. Based on the difficulty 
data and the task results of the original study, Niu & Kelly found that participants were 
more willing to use query suggestions in difficult tasks and query suggestions helped get 
better results in those tasks. It demonstrated that searchers often required help from query 
suggestions once they encountered difficult search tasks where they were not able to 
formulate their own queries and the query suggestions did help searchers improve their 
search outcomes.  
 The interfaces in which query suggestions are presented to searchers can affect 
their likelihood of using query suggestions. Kato, et al. (2012) proposed a structured 
query suggestion interface which was different from the common flat list. Through a 
task-based user study with 20 subjects and 20 topics, they demonstrated that query 
suggestion interfaces can affect the user’s search performance and perception and the 
interface they proposed enabled searchers to search more successfully than the flat list 
case.  
2.3 Query reformulation 
There are two main approaches to offering a taxonomy for query reformulation: 
lexical and semantic categorization (Kato, Sakai & Tanaka, 2013).  
Huang & Efthimiadis (2009) and Teevan et al. (2007) took a lexical categorization 
approach. Huang & Efthimiadis (2009) proposed a query reformulation taxonomy based 
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on word removal, word addition, word substitution, and abbreviation. Using the 
taxonomy, they applied a rule-based classifier to an AOL query log. One of the findings 
from their experiment is that the types of query reformulations that are likely to be 
effective depends on how successful the previous query is, where a successful query is 
one that is followed by at least one URL click. For example, after a successful query, a 
query reformulation by word substitution is also likely to be successful. Whereas, after an 
unsuccessful query (with no URL clicks), a query reformulation by spelling correction is 
likely to be successful. Teevan et al. (2007) explored repeat search behavior through the 
analysis of a one-year Web query log of 114 anonymous users and a separate controlled 
survey of an additional 119 volunteers. This study demonstrates that as many as 40% of 
all queries are re-finding queries. One point in this study illustrated that query string used 
to re-find can differ from their original forms in many ways. To understanding how to 
identify re-finding, they explored a number of potential differences between similar 
queries which included “Capitalization”, “Stop words”, “world merge”.  
On the other hand, Rieh & Xie (2006), Boldi et al. (2009), and Jansen et al. (2009) 
focused on a semantic categorization of query reformulations. Rieh & Xie (2006) 
examined the facets and patterns of multiple Web query reformulations with a focus on 
reformulation sequences. Query logs were collected from a Web search engine through 
the selection of search sessions in which users submitted six or more unique queries per 
session. Three facets of query reformulation (content, format, and resource) as well as 
nine sub-facets (Specialization, Generalization, Replacement with synonyms, Parallel 
movement, Term variation, Operator usage, Error correction, Types of resources, and 
Domain suffix) were derived from the data. Boldi et al. (2009) adopted previous work 
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(Rieh & Xie, 2006). They adopted four categories which were generalization, 
specialization, error correction or parallel movement to build an accurate model for 
classifying user query reformulation into broad classes, achieving 92% accuracy. They 
applied the model to automatically label two large query logs, creating annotated query-
flow graphs. After applying their findings to a third query log, their reformulation 
classifier demonstrated improved recommendations in a query recommendation system. 
Jansen et al. (2009) developed predictive models of query reformulation during Web 
searching. They employed an n-gram modeling approach to describe the probability of 
users transitioning from one query-reformulation state to another to predict their next 
possible state. The results showed that Reformulation and Assistance account for 
approximately 45% of all query reformulations.  
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3. Methodology  
A two-week data collection process was conducted from Feb-07-2014 to Feb-20-
2014. The aim of this process was to manually collect query suggestion results from 
Google and Bing in response to 50 seed queries. As stated above, the algorithms of the 
commercial Web search engines are not publicly available, however, the query 
suggestion lists of those search engines can be easily obtained. Mining query suggestion 
data allows us to examine how they query suggestions change over time, their patterns of 
change, and the differences between those search engines’ query suggestions. This 
section describes the selection criteria of seed queries, procedures of the process, sample 
data, and data analysis methods.  
3.1 Data collection 
1. Select search engines that are used to generate query suggestions 
Two mainstream commercial Web search engines were used to generate query 
suggestion results which were Google and Bing. The reasons they were chose are: (1) 
they are popular search engines which means that they have large amount of users. 
Although we do not know their query suggestion mechanisms, it is the case that they both 
use previous query logs as a part of their source to develop query suggestion algorithm. 
Therefore, the more users they have, the more query logs they obtain to be analyzed. It 
further reveals that query suggestion results may frequently change due to the large 
amount of query logs they gain every day; (2) these two search engines are regularly 
maintained and updated. It is essential for this study because we do not want to 
investigate a search engine that changes its query suggestions once a year. An active 
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search engine which has regularity in update and maintenance can provide more valuable 
changes for us to investigate.   
2. Select seed queries 
A seed query is the initial query a user inputs to the search engine. Query 
suggestions along with a list of search results will be offered to the user once he/she 
clicks the search button. Here we only pay attention to the query suggestions. In this 
study, 50 seed queries were selected. The source of seed queries and the criteria of 
selection are explained in 3.2.  
3. Generate query suggestions 
From Feb-07-2014 to Feb-20-2014, the investigator gathered query suggestion 
results of each seed query at 12:00pm on a daily basis. The data collection process 
happened at a fixed time on each day in order to eliminate the impact time.  
The investigator inputted each of the 50 seed queries to both Bing and Google one 
by one. Notice that while the investigator was collecting data, there was a web browser 
with two search engine web pages opened. Firstly, the seed query was input to both two 
search engines, and then, the search buttons of two search engines were clicked almost at 
the same time. After the query suggestions of the seed query was generated, the 
investigator used a screenshot tool to record them. Additionally, all browsing data were 
cleared every time before the collection process began.  
Every day during this two-week period, 99 screenshots were recorded. It was 
supposed to be 100 screenshots per day, however, the query “crash pad” did not have any 
query suggestions returned for Google.  
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3.2 Seed queries 
The nature of a seed query is a line of inquiry a user initialized to start a search 
session. However, the initial query a user formulated may not accurately reflect the user’s 
intention because some queries often have more than one meaning. This kind of query is 
called an “ambiguous query”. Song et al. (2009) defined ambiguous query as a query that 
has more than one meanings. For example, “Apple” may refer to “Apple Inc.” (a famous 
technology company), or a common fruit. Along with ambiguous queries, they also 
defined broad queries and clear queries. A broad query is a query that covers a variety of 
subtopics, and users might look for one of the subtopics by issuing another query. For 
example, “songs”, which covers some subtopics such as “song lyrics”, “love songs”, or 
“download songs”. In practice, a user often issues such a query first, and then narrows 
down to a subtopic. A clear query is a query that has a specific meaning and covers a 
narrow topic. For example, “University of North Carolina at Chapel Hill”. A clear query 
usually means a successful search in which a user can find targeted results in the first 
page results.  
Even though Song et al. provided a relatively clear classification for query 
ambiguity, the boundary between broad query and clear query is still blurred because 
once a query is given without any context, it is difficult to determine whether it is a broad 
or a clear query since most queries have potential subtopics. For example, without any 
context, the query “University of North Carolina at Chapel Hill” may have subtopics like 
“University of North Carolina at Chapel Hill Library”, or “UNC Health Care”. Therefore, 
in this study, only ambiguous queries were selected to generate query suggestions.  
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To guarantee the reliability of query ambiguity, queries were selected from those 
prepared by Arguello, Capra & Wu (2013). In this study, the search task contained 300 
ambiguous entities and they were selected based on a systematic procedure. The 
procedure can be described as: (1) identify all entities associated with a Wikipedia 
disambiguation page. Entities here refers to terms in Wikipedia such as “rice”, 
“Mercury”; (2) filter entities from step (1) by keeping entities that a user might actually 
issue to a web search engine and eliminating those entities not appearing in the AOL 
query-log at least once; (3) ensure that entities have strong orientation towards verticals 
which included images, news, shopping, and video (vertical search was focus of 
Arguello, et al. (2013)); (4) select queries that reflect multiple query-senses in the top 
results. After these four steps, only 300 entities were left in this study, 50 out of 300 were 
chose as seed queries.  
While narrowing down from 300 queries to 50 queries, another criteria was 
applied that seed queries should allow their query suggestion results to have different 
query reformulation actions. Rieh & Xie (2006) defined 9 query reformulation actions 
which are listed in 3.4. In order to guarantee the diversity of use of query reformulation 
actions, seed queries should be selected deliberately. The length of the query partially 
affect the use of query reformulation actions so the seed query corpus should have 
queries in different lengths. For example, a single-term query may be less likely to have 
generalized query because no terms are available for deletion in a single-term query. 
Although the generalization can happen by replacing the term with those that have more 
general meanings, it decreases the possibility of having generalization facet for a single-
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term query. Therefore, both one-term queries and two-term queries needed to be included 
in the seed query corpus.  
Overall, 25 one-term ambiguous queries and 25 two-term ambiguous queries were 
selected from the query list created by Arguello, Capra & Wu (2013). The whole seed 
query list can be viewed in the Appendix. 
3.3 Sample data 
According to the procedures illustrated above, the sample data is like: 
 
 
Figure 1: Sample data collected from Bing 
 
 
Figure 2: Sample data collected from Google 
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These two sample screenshots show that Google and Bing both gave 8 suggested 
queries for the seed queries. Actually, the number of suggested queries varied from 0 to 8 
depending on the seed queries.  
3.4 Data analysis 
All suggested queries were organized using the structured table below: 
Table 1: Data organization table 
Query Feb-07 Feb-08  … 
Google Bing Google Bing … 
airblade airblade colorguard 
airblade ps2 
airblade yugioh 
honda airblade 
airblade tyco rc 
airblade windscreen 
tyco airblade 
airblade tap 
Xe Air Blade 
Xe May Air Blade 
Honda Air Blade 
Air Blade Game 
Air Blade Thai 
Air Blade Turbo 
Color Guard Air Blade 
Dyson Airblade 
no 
changes 
no 
changes 
… 
bad day having a bad day 
bad day quotes 
bad day songs 
bad day fuel 
bad day chords 
bad day mp3 
bad day alvin and 
the chipmunks 
bad day magazine 
Had a Bad Day Lyrics 
Having Bad Day 
Bad Day Justin Bieber 
Bad Day at Work 
Bad Dad YouTube 
Bad Day Movie 
Trundle Daybeds 
Discount Daybeds 
no 
changes 
no 
changes 
… 
… … … … … … 
If a query suggestion list changed, the new list was entered into the corresponding 
cell, otherwise, “no changes” was recorded in the cell. This structured table easily reflects 
how query suggestion results changed and what those changes were.  
The analysis of this study was mainly based on definitions proposed by Rieh & 
Xie (2006) about facets of Web query reformulation. They characterized three facets of 
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query reformulation in Web searching which are content, format, and resource. Each 
facet has several sub-facets and detailed definitions of sub-facets are listed in Table 2. 
Table 2: Definitions of facets of Web query reformulation 
Facets Sub-Facets Definition 
 
 
 
 
 
 
 
 
Content 
Specification[S] Users specify the meaning of the 
query by adding more terms or 
replacing terms with those that have 
more specific meaning  
Generalization[G] Users generalize the meaning of 
query by deleting terms or replacing 
terms with those that have more 
general meaning  
Replacement with synonyms[Y] Users replace current terms with 
words that share similar meaning 
Parallel movement[P] Users do not narrow or broaden 
previous queries. The previous 
queries and the follow-up queries 
have partial overlap in meaning, or 
two queries are dealing with 
somewhat different aspects of one 
concept  
 
 
 
 
 
 
 
Format 
Term variation[T] Users change the format of terms 
while still searching for the same 
topic. Variations include spelling out 
the abbreviation, adding a 
preposition (e.g., of, to, for), 
changing from the singular to the 
plural, or vice versa 
Operator usage[O] Users change the format of terms by 
using Boolean operators (AND, OR, 
NOT), plus sign (+) for mandatory 
presence, minus sign () for absence 
of a term, or quotation marks (‘‘’’) 
for phrase searching 
Error correction[E] Users change query terms in order to 
correct a typing or spelling error they 
have made 
 
 
 
 
Resource 
Type of resource[R] Users change the query terms, 
making changes in a resource (e.g., 
newspaper articles, pictures, MP3 
file) while keeping the same meaning 
of the query itself 
Domain suffix[D] Users change the query in order to 
locate the specific Web site by 
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adding a domain suffix 
(e.g., .com, .edu, .org) 
According to these definitions, all suggested queries were categorized into these 
nine facets.  
Organizing data using structured table and categorizing queries into nine facets 
were preprocessing. Two analysis methods were applied to the data after the 
preprocessing:  
1. Analysis on individual search engine 
This method dived deeper into each search engine. Several changes and patterns 
were mined based on data obtained from the preprocessing:  
 Basic statistical analysis: the number of suggested queries for every seed query 
was added together to determine the total amount of suggested queries. Unique 
suggested queries were extracted and the occurrence of every unique suggested 
query was calculated in order to provide an intuitive description for the 
suggested queries.  
 Change rate: change rate was calculated by dividing the seed queries that had 
changed suggested queries by the total amount of seed queries. How the change 
rate changed during the two-week period was shown by a line chart.  
 Change patterns: This measure refers to how the query suggestion list change. 
Four change patterns were detected from the data which were order change, 
query substitution, query addition, and query removal. All query suggestion lists 
were separated into these four patterns and the patterns were then subtotaled to 
determine the most frequent pattern. 
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 Change frequency: This measure aimed to determine how many times query 
suggestion lists of each seed query changed during the two-week period. It could 
be easily reflected in the data organization table. For each row (a row refers to a 
seed query), count the total amount of cells that had changed query suggestion 
list to get the change frequency for each seed query. Notice that the change 
frequency for Google and Bing were counted separately even though they were 
listed in the same row.  
 Patterns of query reformulation: As stated earlier, Rieh & Xie (2006) defined 
three facets of query reformulation, and each facet had two to four sub-facets. 
All unique suggested queries were separated into one or more of these sub-
facets. The amount of suggested queries for each sub-facet was counted in order 
to determine which query reformulation facet appeared most frequently in the 
collection.  
2. Analysis on the comparison between two search engines 
By comparing the measures used for individual search engines listed above, this 
analysis method focused on finding similarities and differences between the two search 
engines.  After comparing every measure between Google and Bing, the main similarities 
and differences were summarized to present an overall picture of the two search engines.  
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4. Results and Discussion 
4.1 Google 
After the data collection period ended, the investigator first conducted a basic 
statistical analysis. The result of statistical analysis showed that a total of 686 query 
suggestion lists were collected for Google. It should be 700 query suggestion lists 
because 50 queries were used to generate query suggestion results. However, Google did 
not provide any query suggestion for the query “crash pad” during this two-week period. 
Thus, only 686 query suggestion results were recorded. Each result had 8 suggested 
queries (only the query “dressing” has 7 suggested queries and it lasted for two days). 
Approximately 112 suggested queries per query were collected. Since we have 49 
queries, the amount of suggested query terms is 5486. Among all 5486 suggested query 
terms, there are only 459 unique suggested query terms. Every unique suggested query 
terms occurs more than once so that 5486 refers to the total term occurrences and 459 
refers to unique terms. All unique suggested query terms and their occurrences can be 
viewed in the Appendix. Additionally, Google changed query suggestion lists 58 times 
during the period that data was collected. 
4.1.1 Change rate 
Change rate refers to the number of seed queries that have changed suggested 
query terms divided by the total number of seed queries. For example, on Feb-08, Google 
only changed the query suggestion list for the query “chipper”, other 49 queries 
maintained the same as they were on Feb-07. Therefore, the change rate of Google on 
Feb-08 is 1 divided by 50 which is 2%. 
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Of the two weeks during which data was collected, Feb-11 had the highest change 
rate, every query changed its query suggestion list (except “crash pad”). A total 57 
changes were detected during this period. Figure 3 illustrates the trend of the change rate 
of Google.  
 
Figure 3. Change Rate of Google 
We are not able to explain why the query suggestion lists changed for every seed 
query on Feb-11 because the query suggestion algorithm of Google is unknown. 
However, we could infer that Google changed its query suggestion results regularly. Only 
one change rate peak has been detected during this two-week period so the interval of the 
change cycle cannot be calculated, but we could infer that the interval might be less than 
a month because if Google changed it every year, we were not likely to detect the peak.  
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4.1.2 Change pattern 
Change pattern refers to how the query suggestion list changes. Here we discuss 
four change patterns, the first one is order change, the second one is query substitution, 
the third one is query addition and the last one is query removal.  
Order change is a primary change pattern of query suggestion list. Every query 
has 8 suggested queries for Google. The likely reason that these 8 terms as suggested 
queries is that they have some relationship with the seed query. We do not know what 
exactly the correlation is, but we can infer that these 8 suggested queries are highly 
relevant with the seed query. Generally speaking, the order of suggested queries 
represents their level of relevancy with the original query.  The first suggested query 
should be more relevant than the eighth query in the results. Therefore, once order of the 
suggested query term has been changed, it means that relevancy level of each term has 
been changed as well. An example is listed in Figure 4.  
  
  
 
Figure 4. Order change 
Notice that there are not any new suggested queries added to the list or removed 
from the list. The only change happened here is the change of order.  
Query substitution means that one or more suggested queries are replaced by new 
suggested queries. This pattern always results in an order change because once a new 
query is included in the query suggestion list, it disrupts the original order of the list. For 
example, Figure 5 illustrates this pattern.  
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Figure 5. Query substitution 
In this example, the query “miami hurricanes” is replaced by query “how do 
hurricanes form”. Since “miami hurricanes” is the top term in the original list and it is 
replaced by “how do hurricanes form” which is the last one in the changed list, the 
ranking of all other seven queries is disrupted.  
Figure 6 shows how query addition and query removal work.  
               
Figure 6. Query addition and query removal 
 If read from left to right, it shows the query addition pattern. As we can see, 
“Death Star LEGO Set” and “LEGO Death Star” is added to the list and other five 
suggested queries are still there. If read from right to left, it shows the query removal. It is 
an inverse process where one or more items are deleted from the query suggestion list. In 
this case, “Death Star LEGO Set” and “LEGO Death Star” are removed from the list.  
For Google, the most common change patterns are order change and query 
substitution, since Google provides 8 suggested queries for almost every seed query (only 
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a few exceptions), there is no space to add or delete a suggested query. Within all 58 
changes, 21 changes are only order change, and 37 are query substitution.  
4.1.3 Change frequency  
Change frequency refers to how many times the query suggestion list of each seed 
query changes. The change frequency of seed queries of Google is listed in Table 3.  
Table 3. Number of changes of Google 
Seed queries Change frequency Seed queries Change frequency 
absolute power 1 fans 1 
airblade 1 final war 1 
bad day 1 fish heads 1 
bad reputation 1 food war 1 
badminton 1 green onions 1 
bartender 1 hangover 1 
basilisk 1 hurricanes 2 
beautiful people 1 inside job 1 
beetle 1 little people 1 
boomer 1 nuggets 1 
brain damage 2 obsession 1 
brave 1 pickup 1 
brewers 2 plan b 1 
cats 2 point blank 1 
charger 1 razor blade 1 
chipper 2 recorder 1 
cold dish 1 rich girl 1 
cracker 1 rock lobster 1 
crash pad 0 salt 1 
cross hair 1 seal rock 1 
curve 1 sky tower 1 
death star 1 slow jam 1 
die hard 1 sweet pea 1 
dressing 3 twins 2 
eagles 1 weave 1 
Of these seed queries, six changed their query suggestions twice (brain damage, 
brewers, cats, chipper, twins, and hurricanes), one (dressing) changed its query 
suggestions three times, and others only changed once.  
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4.1.4 Patterns of query reformulation  
Based on the definition proposed by Rieh and Xie (2006), 6 patterns of query 
reformulation were detected. 
Specialization: absolute power  absolute power definition 
The meaning of “absolute power” is specified by adding the term “definition”. 
The term “absolute power definition” refers to a more specific concept compared to 
“absolute power”. 
Generalization: charger  dodge 
This is a generalization because a term that has a more general meaning is used to 
replace the seed query. The term “charger” refers to a sub-brand of Dodge. Therefore, the 
term “dodge” is in a higher position than “charger” and represents a more general 
meaning.  
Replacement with synonyms: brain damage  brain injury 
According to the definition of “brain damage” in Wikipedia which is “Brian 
damage” or “Brian Injury” is the destruction or degeneration of brain cells, “brain 
damage” can be replaced by “brain injury” since they share the same definition. It 
conforms to the criteria of replacement with synonyms which is “users replace current 
terms with words that share similar meaning”. So the “brain injury” can be categorized 
into replacement with synonyms.  
Parallel movement: die hard  bruce willis 
The definition of parallel movement is “users do not narrow or broaden previous 
queries. The previous queries and the follow-up queries have partial overlap in meaning.” 
In this case, Die Hard is starred in by Bruce Willis, but Bruce Willis is not the only actors 
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in this movie and Die Hard is not the only movie in which Bruce Willis has starred in. 
They are two parallel terms that have partial overlap in meaning so that it is parallel 
movement.  
Term variation and Specialization: cats  cat health 
This pair conducted query reformulation twice. The first one is term variation 
which changes “cats” to “cat”. The second one is specialization which adds “health” to 
the query.   
Error correction: cracker  cracked 
The term “cracker” and “cracked” refer to completely different things on the 
Web. This pair is not parallel movement because these two terms do not have any overlap 
in meaning. Since they are totally different concepts, only error correction could explain 
it.   
For all 459 unique terms for Google, 435 out of 459 are specialization which 
accounts for the largest proportion. Next is parallel movement which has 9 pairs. 
Generalization has 5 pairs. Replacement with symptoms has 4 pairs. Term correction and 
Specialization has 3 pairs. Error correction has 3 pairs as well. Statistics of this category 
is listed in Table 4.  
Table 4. Patterns of query reformulation of Google 
Facet Quantity 
Specialization 435 
Parallel movement 9 
Generalization 5 
Replacement with symptoms 4 
28 
Term correction and Specialization  3 
Error correction 3 
All the query reformulations for 50 queries could be viewed in Appendix. Notice 
that the brackets are used to denote the pattern identified. The abbreviations of sub-facets 
presented in Table 2 are used within brackets. For instance, specialization is presented as 
[S] and generalization as [G]. 
4.2 Bing 
After the data collection period ended, a total of 700 query suggestion lists were 
collected from Bing. Unlike Google, the number of suggested queries generated by seed 
queries varied from 2 to 8. Therefore, the total amount of suggested queries retrieved 
from Bing was less than Google. Approximately 4900 suggested queries were generated. 
Among all 4900 suggested queries, there were only 444 unique suggested queries. All 
unique suggested queries and their occurrences could be viewed in the Appendix.  
4.2.1 Change rate 
During the two weeks when data was collected, Feb-19 had the highest change 
rate, 32 out of 50 queries changed their query suggestion lists. For Bing, a second peak 
was detected which happened on Feb-11 and Feb-20 out of 50 queries changed their 
query suggestion lists. Other days had seed queries which changed their query 
suggestions ranged from 0 to 5. A total of 85 changes were detected during this period. 
Figure 7 illustrates the trend of the change rate of Bing.  
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Figure 7. Change rate of Bing 
We could infer that Bing made changes to query suggestion almost every 10 days, 
since both Feb-11 and Feb-19 had more than 20 seed queries that changed their query 
suggestion lists, the change rates were higher than 40%. However, it is not certain that the 
cycle is 10 days. Although the change rates were higher than 40% on Feb-11 and Feb-19, 
there were only partial of the seed queries having changed query suggestions. If the 
change rate reached 100% like Google on Feb-11, it should be more likely to be the point 
that the search engine changed query suggestions of all queries.  
4.2.2 Change pattern 
Since the number of suggested queries generated by Bing varied from 2 to 8, there 
was a large space for Bing to have all four change patterns. The different types of change 
patterns have already been defined in 4.1.2, so only statistics are listed here in Table 5.  
Table 5. Change pattern distribution of Bing 
Change pattern Quantity 
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order chagne 20 
query substitution 51 
query addition 10 
query removal 7 
It turned out that query substitution still accounted for the largest proportion. The 
proportions of query addition and query removal were lager compared to Google.  
4.2.3 Change frequency 
Table 6 shows the distribution of query suggestion change frequency for Bing.  
Table 6. Change frequency of Bing 
Seed queries Change frequency Seed queries Change frequency 
absolute power 2 fans 5 
airblade 1 final war 1 
bad day 2 fish heads 1 
bad reputation 0 food war 2 
badminton 0 green onions 1 
bartender 3 hangover 2 
basilisk 2 hurricanes 4 
beautiful people 1 inside job 3 
beetle 2 little people 2 
boomer 3 nuggets 1 
brain damage 2 obsession 1 
brave 2 pickup 1 
brewers 2 plan b 2 
cats 4 point blank 0 
charger 2 razor blade 4 
chipper 2 recorder 1 
cold dish 4 rich girl 1 
cracker 2 rock lobster 0 
crash pad 0 salt 2 
cross hair 2 seal rock 1 
curve 2 sky tower 2 
death star 2 slow jam 2 
die hard 1 sweet pea 0 
dressing 4 twins 6 
eagles 4 weave 1 
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As we can see, one seed query (twins) changed its query suggestions six times, 
once query (fans) changed its query suggestions five times, six seed queries changed their 
query suggestions four times, three queries changed them three times, twenty queries 
changed them twice, thirteen queries changed them once, and the query suggestion of six 
seed queries did not change at all.   
4.2.4 Patterns of query reformulation 
Bing has various patterns of query reformulation. Except for the basic patterns 
like Specialization and, Parallel Movement, several combined patterns were detected.  
Here are examples of basic query reformulation patterns which were explained in 4.1.4: 
Specialization: absolute power  Absolute Power Cast 
Parallel Movement: absolute power  David Baldacci 
Generalization: bad reputation  Reputation 
Term variation and Specialization: beetle  Types of Beetles 
Notice that all suggested queries were automatically capitalized by Bing. 
Although Capitalization is a kind of term variation which should be recorded, since this 
process was an automatic procedure of Bing’s algorithm, this kind of query reformulation 
is ignored here.  
Some new patterns were found by Bing. 
Error correction and Specialization: bad day  Trundle Daybeds 
The first query reformulation here is the error correction which corrects “bad day” 
to “Daybeds”. The second change is add “Trundle” before “Daybeds” to specify it.  
There is also another type of Error correction and Specialization is  
Error correction and Specialization: cross hair  Sarah Palin Crosshair 
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Here we consider “Crosshair” is a kind of typo of “cross hair”. Therefore, the 
Error correction is from “cross hair” to “Crosshair” and Specialization is adding “Sarah 
Palin” in front of “Crosshair” to specify it.  
Error correction, Specialization and Term variation: cross hair  Used Crosshairs 
This pattern contains three query reformulation. Except for Error Correction and 
Specification illustrated in the previous example, “Crosshair” becomes “Crosshair” is a 
Term variation.   
Replacement with synonyms and Specialization: 
 brain damage  Traumatic Brian Injury 
First, the query “brain damage” is replaced by “Brain Injury” since they have 
similar meanings.  Then, add “Traumatic” before “Brain Injury” to specify it.  
The largest proportion of query reformulation patterns is Specialization. The 
pattern which contained both Term correction and Specialization also occurred a large 
number of times. This happened because Bing mixed singular and plural together so that 
term correction appeared a lot.  
Table 7. Patterns of query reformulation of Bing 
Facet Quantity 
Specialization 304 
Term variation and Specialization 108 
Parallel movement 8 
Generalization 3 
Replacement with symptoms and 
Specialization 
4 
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Error correction and Specialization 12 
Error correction, Specialization and Term 
variation 
5 
4.3 Comparison between Google and Bing 
4.3.1 Similarities between Google and Bing 
Derived from the measures listed above, Google and Bing have some properties 
in common. For example, the most common pattern of query reformulation of both 
Google and Bing is specialization. One reason is that the seed queries we chose were one 
or two terms queries, so only a little space left for the search engines to do generalization. 
Another reason is that it is decided by the nature of query suggestion. Query suggestion 
helps users to express their information needs. Users usually start with a vague query and 
with the help of the search engine, their vague queries might become clearer. In this 
process, the most useful type of query suggestion is specialization. Therefore, search 
engines are inclined to create algorithm that provides specialized queries to users as 
query suggestions.   
Another similarity is that both Google and Bing change their query suggestion 
regularly since at least one complete turnover was detected during the period which data 
were collected. Although the interval of the cycle was not found since the two-week 
period was not long enough to cover two or more peaks, reasonable inference was given 
based on the collected data and common sense.  
In addition to the similarities listed above, the most common change pattern for 
Google and Bing was the same: query replacement. It means that most changes in query 
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suggestion were cases when new suggested queries appeared. This might reflect that the 
information needs of users are constantly changing. Every day, new information are 
created and it might be reflected in the query suggestion.  
4.3.2 Differences between Google and Bing 
There are three most evident differences between Google and Bing:  
First of all, the change rate trend of Google is steady. Google changed query 
suggestions of all 50 seed queries on the same day. During the other 13 days of the data 
collection period, only 1 or 2 changes happened to the query suggestion results. In 
contrast, the change rate trend of Bing was not as steady as Google. Except for the two 
peaks of change that happened on Feb-11 and Feb-19, on other days Bing also had 
change rates up to 10%, which is obviously higher than Google.  
In addition, the query suggestion lists of Bing contains more change patterns 
compared to Google. Since Google provided 8 suggested queries for every seed query, 
there was no space left to have query addition and query removal. On the contrary, Bing 
provided plenty of space for query addition and query removal since the number of 
suggested queries of each seed query varied from 2 to 8. For seed queries that had less 
than 8 suggested queries, they could have all four change patterns and they did contain all 
of them.  
The third difference is that Bing has various patterns of query reformulation 
compared to Google. It is evident that Bing changed the queries from singular to plural 
and removed space between two words in suggested queries. And it rarely happened to 
Google’s query suggestions.  
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4.4 Limitations 
This study has two main limitations.  
This first one is that the period of time during which data was collected was too 
short to cover two peaks of change rate. The study detected that Google changed all its 
query suggestions on Feb-11, but unfortunately, the second peak had not been covered in 
this two-week period which indicated that we were not able to determine the cycle of the 
change of query suggestions. In order to have a complete picture of the change of the 
search engines’ query suggestions, data would need to be collected over a longer period.  
The second limitation is that the investigator is not a native language speaker so 
some of the query reformulation classifications might have some errors. The 
classification process required the investigator to know exact meanings of the queries. 
Since some queries were not familiar to the investigator who speaks English as a second 
language, it is highly likely that there are some errors in the classifications.   
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5. Conclusion 
This study used manually harvested data to investigate how the query suggestions 
of commercial Web search engines changed over time. Google and Bing were used to 
collect query suggestion data for 50 seed queries.  Query suggestion data was collected 
for a two-week period.  
The data collected in this period were then analyzed. Several statistics were 
calculated which included unique suggested queries, query occurrence, the amount of 
suggested queries, the amount of changes, and the amount of unique suggested queries. . 
There were also several patterns detected from the data, including change patterns, 
patterns of query reformulation, change rate, and change frequency.  
The results demonstrated that the query suggestions of commercial Web search 
engines changed regularly. Their cycle of change was variable and unique to each search 
engine. Moreover, the query suggestion lists usually contained a large amount of 
specialized queries. The results also revealed that the most common types of change 
patterns of query suggestion lists were order change and query substitution.   
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Appendix 
Query1 Google 8 Bing 10 
absolute power absolute power definition[S] 
absolute power corrupts 
absolutely[S] 
absolute power tech n9ne[S] 
absolute power quote[S] 
laura linney[P] 
clint eastwood[P] 
ed harris[P] 
judy davis[P] 
Absolute Power Cast[S] 
Absolute Power Math[S] 
Absolute Power Quote[S] 
Absolute Power Tech N9ne[S] 
Absolute Power Definition[S] 
Absolute Power Corrupts 
Absolutely[S] 
Clint Eastwood Movies List[P] 
David Baldacci[P] 
1997 Movie Absolute Power[S] 
David Baldacci Absolute 
Power[S] 
 
Query2 Google 10 Bing 8 
airblade airblade colorguard[S] 
airblade ps2[S] 
airblade yugioh[S] 
honda airblade[S] 
airblade tyco rc[S] 
airblade windscreen[S] 
tyco airblade[S] 
airblade tap[S] 
airblade turbo[S] 
xe airblade[S] 
Xe Air Blade[ES] 
Xe May Air Blade[ES] 
Honda Air Blade[ES] 
Air Blade Game[ES] 
Air Blade Thai[ES] 
Air Blade Turbo[ES] 
Color Guard Air Blade[ES] 
Dyson Airblade[S] 
 
Query3 Google 9 Bing 8 
bad day having a bad day[S] 
bad day quotes[S] 
bad day songs[S] 
bad day fuel[S] 
bad day chords[S] 
bad day mp3[S] 
bad day alvin and the 
chipmunks[S] 
bad day magazine[S] 
bad day chipmunks[S] 
Had a Bad Day Lyrics[S] 
Having Bad Day[S] 
Bad Day Justin Bieber[S] 
Bad Day at Work[S] 
Bad Dad YouTube[S] 
Bad Day Movie[S] 
Trundle Daybeds[ES] 
Discount Daybeds[ES] 
 
Query4 Google 8 Bing 8 
bad reputation bad reputation movie[S] 
bad reputation thin lizzy[S] 
bad reputation song[S] 
bad reputation lyrics[S] 
Bad Reputation Joan Jett 
Lyrics[S] 
Bad Reputation Thin Lizzy[S] 
Bad Reputation Movie[S] 
Bad Reputation Song[S] 
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bad reputation freedy 
johnston[S] 
bad reputation chords[S] 
bad reputation avril lavigne[S] 
bad reputation joan jett[S] 
Freedy Johnston Bad 
Reputation[S] 
Avril Lavigne Bad Reputation[S] 
Shrek Bad Reputation[S] 
Reputation[G] 
 
Query5 Google 8 Bing 7 
badminton badminton equipment[S] 
badminton game[S] 
badminton court[S] 
badminton tips[S] 
badminton history[S] 
badminton rules[S] 
badminton pronunciation[S] 
badminton raleigh[S] 
badminton rackets[S] 
How to Play Badminton[S] 
History Badminton[S] 
Badminton Tips[S] 
Badminton Set[S] 
Badminton Videos[S] 
Badminton Birdie[S] 
Badminton Shuttlecocks[S] 
 
Query6 Google 9 Bing 8 
bartender become a bartender[S] 
bartender jobs[S] 
bartender game[S] 
bartender song[S] 
bartender lyrics[S] 
bartender addon[S] 
bartender t pain[S] 
bartender software[S] 
bartender the right mix[S] 
How to Become a Bartender[S] 
Hire a Bartender[S] 
Bartender Jobs[S] 
Bartender Song[S] 
Bartender Games[S] 
Bartender Salary[S] 
Bartender Recipes[S] 
Bartender Software[S] 
 
Query7 Google 9 Bing 5 
basilisk basilisk lizard[S] 
basilisk wiki[S] 
watch basilisk[S] 
basilisk ii[S] 
basilisk harry potter[S] 
basilisk episode 1[S] 
basilisk anime[S] 
basilisk puzzles and dragons[S] 
basilisk characters[S] 
Basilisk Pictures[S] 
Basilisk Lizard Pictures[S] 
Basilisk Harry Potter[S] 
Basilisk the Serpent King[S] 
Harry Potter Basilisk[S] 
 
 
Query8 Google 9 Bing 8 
beautiful 
people 
beautiful people song[S] 
beautiful people quotes[S] 
beautiful people tv show[S] 
beautiful quotes[P] 
beautiful people lyrics[S] 
beautiful people chris brown[S] 
100 Most Beautiful People[S] 
Most Beautiful People[S] 
YouTube Beautiful People[S] 
Chris Brown Beautiful People[S] 
Marilyn Manson Beautiful 
People[S] 
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beautiful people marilyn 
mason[S] 
beautiful people cher lloyd[S] 
beautiful people movie[S] 
Beautiful People Club[S] 
Beautiful People TV Show[S] 
Beautiful[G] 
 
Query9 Google 10 Bing 10 
beetle beetle identification[S] 
beetle pictures[S] 
beetle facts[S] 
japanese beetle[S] 
stag beetle[S] 
beetle in house[S] 
beetle for sale[S] 
beetle marvel[S] 
blue beetle[S] 
beetle bailey[S] 
560 HP Beetles[TS] 
Types of Beetles[TS] 
Identify Beetles[TS] 
Pictures of Beetles[TS] 
Pine Beetles[TS] 
Ten Lined June Beetles[TS] 
Beetles Insects[S] 
Flying Beetles[TS] 
Beetle Bugs Pictures[S] 
VM Beetle[S] 
 
Query10 Google 8 Bing 10 
boomer boomer urban dictionary[S] 
boomer battlestar[S] 
chris boomer[S] 
boomer submarine[S] 
boomer and carton[S] 
boomer espn[S] 
boomer esiason[S] 
boomer skylanders[S] 
Boomers Boston[TS] 
Boomers Fresno[TS] 
Boomers Carver[TS] 
Boomers Boca Raton[TS] 
Boomers Long Island[TS] 
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